This paper presents an approach to modeling the water pressure transfer among nodes in an urban water supply network for the purpose of pressure control. The network is divided into different sub-networks based on the Pearson correlation analysis of the nodal pressure measurements. The Pearson correlation analysis is performed to find out the set of nodes, whose water pressures are highly correlated, and thus a corresponding sub-network is formulated. As a case study, 47 sub-networks are recognized for a region with an area of 250 km 2 and 77 nodes in total. For each sub-network, a linear model is constructed to quantify the pressure transfer. The output of the model is the pressure estimate for the node of our interest which is called the center node. The rest of the nodes in the sub-network are called the correlated nodes of the center node, and the pressure measurements at the correlated nodes constitute the input to the model. The average relative error of the model is less than 3%. A pressure regulating method based on the model is proposed and tested numerically.
INTRODUCTION
Modeling for an urban water supply system is the basis of water pressure control, the establishment of emergency (e.g., pipe bursts) response mechanism, and the optimal scheduling of pump stations. The hydraulic model has different formulations which include flow equations at nodes in the network, the head loss-flow relationships for individual pipes and head losses around closed loops or for paths between fixed head nodes in the network (Simpson & Elhay ) . Based on the hydraulic model, pump scheduling models are formulated and different pressure control However, the hydraulic model requires a detailed system layout with exact parameters for every network component (Kritpiphat et al. ; Rossman ) . On the shortage of detailed system information, such a model is very hard to construct. An alternative is to install sensors on the pipe lines to form a sensor network. With data in hand, data mining methods are applied to monitor the system. evaluate the risks of pipe bursts with the data of historical burst events. In the present work, the water supply system under consideration is in a Chinese city where wireless water pressure sensors are already placed; however, the exact layout of the pipe lines is not available. One goal of the research is to maintain the water pressure in a specified interval because excess pressure increases the energy consumption and the risks of leak and burst while low pressure leads to poor service. When the pressure at a certain location is too high or too low, the means of adjustment is to regulate the outlet pressure of the pump station(s) nearby. Then, a practical problem is how to find out the pump station(s) that has the immediate impact on the pressure at a given location and how to operate the pump(s). More precisely, the correlation between the pump discharge and the local pressure at some network nodes must be identified in order to define a pumping strategy to reach a fixed pressure target at the nodes.
PROBLEM DESCRIPTION
As shown in Figure 1 , wireless water pressure sensors (solid squares) are installed in the water supply pipe network of our concern. The water pressure data are time series measured at 77 locations in the network. In this paper, we focus on the 'sensor node' instead of the node in the context of the hydraulic model although the two notions may overlap. Thus for convenience, the word 'node' refers to the sensor node in the following part of the paper. Nodes of our interest are called center nodes. The nodes whose pressures vary synchronously with that of a center node are called correlated nodes. We call the synchronization relationship 'pressure transfer'. The modeling task of the pressure transfer is divided into two parts. The first part is how to choose the center nodes and determine the corresponding correlated nodes. The second is how to model the pressure transfer between a center node and its correlated nodes. In this paper, the Pearson correlation analysis is used to identify the sub-networks, each of which contains one center node and several correlated nodes, while a linear model is constructed to describe the pressure transfer within the sub-network.
NETWORK DIVISION Pearson correlation coefficient (PCC)
The PCC between two variables is defined as the covariance of the two variables divided by the product of their standard deviations. In statistics, PCC is a measure of the linear dependence between two variables, giving a value between À1 and 1, where 1 means totally positive correlation, 0 no correlation, and À1 totally negative correlation.
PCC is also referred to as the population correlation coefficient when applied to populations and is represented by the Greek letter ρ. For two random variables X and Y, the formula for ρ is given as
In real applications, however, the covariance and the standard deviations can only be estimated with a limited number of samples. Therefore, the corresponding estimation for PCC, also known as the sample correlation coefficient, is presented as
As guaranteed when the law of large numbers can be applied, the sample correlation coefficient is a consistent estimate of the population correlation coefficient as long as the sample means, variances, and covariance are consistent. It is therefore reasonable to use the sample correlation coefficient to characterize the dependence (correlation) between the pressures of two nodes although we do not actually know the probability distribution of the nodal pressure. However, it is found that some highly correlated nodes are located far away from each other, which affects the inter- 
Network division based on the PCC

MODEL CONSTRUCTION AND VALIDATION
For each sub-network, a linear model which takes the form of Equation (3) is constructed to quantify the pressure transfer from correlated nodes to the center node
where model input x is the pressure measurements of the correlated nodes at time t, the output y the pressure estimate of the center node at the same time, β the vector of regression coefficients, and ε the error term. Different constructions of the model input are tested in the Discussion.
The parameter vector β is estimated using least squares with the data of the first two days, that is, 2 × 6 × 24 ¼ 288 input-output pairs. The rest of the data are left for testing.
The accuracy of the model is measured with mean absolute percentage error (MAPE)
where p mdl and p mea are the model output and the measured pressure at the center node, respectively.
Among the 47 sub-networks, the largest value of MAPE is 2.38%. In addition, the model parameters are not updated after the calibration. In other words, the pressure transfer relationship described by the model seems to be time independent. Figure 4 shows the error assessment result and Figure 5 shows the model output compared to the pressure measurements on a chosen day. The worst case is shown in Figure 5 (c), where the error still seems acceptable.
MODEL APPLICATION
Among the total 47 identified center nodes, 12 are at pump stations measuring the pump outlet pressure. Application of these pump-centered sub-networks is proposed as follows.
Suppose that the pressure received from a node is too low and needs to be increased by Δp (kPa), the pressure regulating procedure will be initiated as follows. First, the pump station that is the most correlated to the node of present for each correlated node in the pump-centered sub-networks and the error assessment result is shown in Figure 8 .
It can be seen that the MAPE values are all less than 5%, which means the proposed pressure regulating method has the potential to support the pump operation. The limitation of the method is that it can only be applied to those nodes which are already included in the model. The proportion of (non-pump) nodes covered by the pump-centered subnetworks is nearly half (22/45).
Another possible application of the model is to monitor the operating state of the water supply network. When the pressure data from the correlated nodes in a sub-network are received, they are forwarded to the corresponding linear model to get an output, which is then compared to the center node pressure measurement. If the difference is greater than a pre-specified threshold, an unexpected operating condition is detected, which may be a leak within the current subnetwork. Due to the lack of data of such accidents, quantified analysis remains to be done. In addition, if high-rate pressure data are available, leak detection and localization can be achieved through analysis of the pressure transients (Whittle et al. ) . For the same purpose, acoustic techniques are well developed and practiced (Stoianov et al. , ) . It must be addressed that since a leak will probably impact more than one sub-network because of the overlap, applying our model directly for leak detection seems challenging.
DISCUSSION
About r_thres
Previously, the parameter r_thres is set as 0.8 for the network division and a good result is obtained. To make this assignment seem less random, tests for different values of r_thres are carried out. Three center nodes are selected and correlated nodes are assigned to them under different r_thres. Then the model is recalibrated and the resulting model accuracy is shown in Figure 9 . The lines display a common trend that the error goes down as r_thres increases.
However, as r_thres increases, a sub-network is likely to contain fewer correlated nodes, as shown schematically in Figure 10 . Also, the number of nodes which are not contained in any sub-network is 12 under r_thres ¼ 0.8, and even 16 under r_thres ¼ 0.9. Therefore, a trade-off between the model accuracy and the node inclusion in the model must be made to determine r_thres. On the other hand, some nodes have low correlations (PCC < 0.5) with all the other nodes, and consequently, data at these nodes are discarded if r_thres is chosen to be greater than 0.5. The isolation of these nodes revealed by the data is probably due to the structure of the pipe network and the sensor deployment which is relatively sparse compared to the scale of the network.
Although not considered in our paper, design of the sensor network can greatly affect the performance of the sensors, as presented in the work of Ediriweera & Marshall () .
About the construction of the model input
We have also considered introducing more input variables for the linear model: the historical pressure values of the correlated nodes and the center node. Specifically, in order to estimate the center node pressure at time t, the input variables to the model consist of pressure values of the center node and the correlated nodes at time t-1, t-2, …, t-k, i.e., the input dimension is k × (number of correlated nodes þ 1). Three sub-networks are chosen for the test and the resulting model accuracy is shown in Figure 11 as k varies from 0 to 5, where 0 denotes the input-output mapping adopted in the previous section. It can be seen that the error becomes larger as more historical pressure values are introduced into the model input.
However, different choices of k do not change the decision time, that is, we can decide whether the operating state is normal or an accident may happen only when we have the pressure measurement at time t. Therefore, the most accurate one, namely, k ¼ 0 should be preferable.
ANN approximation for the pressure transfer
For each sub-network, an ANN is constructed instead of a linear model to describe the pressure transfer. The ANN adopts a typical architecture of a multi-layer perceptron with a single hidden layer and the input and output are the same as described previously. Again, data of the first 2 days are used for ANN training and the rest for testing. The backpropagation learning algorithm with momentum updating (Ham & Kostanic ) is applied to train the ANN and the number of training epochs is no more than 5,000. The prediction error of the ANNs is displayed in Figure 12 together with the error of the linear models. It can be found that the ANN does not outperform the linear model basically. Therefore, it seems to be unnecessary to employ a relatively complex structure for pressure transfer modeling.
CONCLUSION
A data-driven approach for estimating nodal pressures within a water supply network is presented without using a hydraulic model. Sensor nodes are grouped together into a series of sub-networks according to the correlation analysis of the data, and then a linear model is constructed to estimate the pressure of a center node using the observed measurements of the correlated nodes. The average relative error of the estimation is found to be less than 3%. Based on the model, a pressure regulating method is proposed and tested with the real data of the nodes in pump-centered sub-networks. The result shows the potential of the model for the pump scheduling. 
